Abstract Determining the location of earthquake emergency shelters and the allocation of affected population to them are key issues that face shelter planning and emergency management. To solve this emergency shelter location-allocation problem, evacuation time and the construction cost of shelters-both influenced by the evacuation population size and its spatial distribution-are two important considerations. In this article, a mathematical model with two objectives-to minimize total weighted evacuation time (TWET) and total shelter area (TSA)-is allied with a modified particle swarm optimization algorithm to address the problem. The relationships between evacuation population size, evacuation time, and total shelter area are examined using Jinzhan Town in Chaoyang District of Beijing, China, as a case study. The results show that TWET has a power function relationship with TSA under different population size scenarios, and a linear function applies between evacuation population and TWET under different TSAs. The joint relationships of TSA, TWET, and population size show that TWET increases with population increase and TSA decrease, and compared with TSA, population influences TWET more strongly. Given a reliable projection of population change and spatial planning of a study area, this method can be useful for government decision making on the location of earthquake emergency shelters and on the allocation of evacuees to those shelters.
Introduction
With the development of urbanization, globally increasingly more people are exposed to natural hazards and hazard impacts in urban areas. For example, the urbanization rate in China reached 57% in 2016 and this is projected to reach 62% in 2020.
1 Earthquakes are one of the most serious natural hazards, particularly for urban areas where a great concentration of people and assets exists. Risk analysis and management have been used to analyze the effects of natural hazards and to propose approaches that reduce casualties and losses (Koks et al. 2015) . Construction of earthquake emergency shelters is an important way to reduce human casualties; earthquake emergency shelter performance is also an important factor determining disaster impacts-the proper location and allocation of earthquake emergency shelters can effectively reduce the evacuation time for evacuees and greatly improve evacuation efficiency.
To solve the earthquake shelter location-allocation problem, site selection models have been used since 1909 when it was first proposed by Weber (1929) . These models include the P-median model (Hakimi 1964) , the P-center model (Hakimi 1965) , the set covering model (Toregas et al. 1971) , and the maximal covering model (Church and Velle 1974) , which have all been modified widely for application to the shelter selection problem. Sherali et al. (1991) first introduced the P-median model to address the problem of locating hurricane and flood disaster shelters. Based on the P-median model, Bayram et al. (2015) studied the problem of earthquake shelter location and population evacuation for Istanbul earthquake disasters with the objective to minimize the total evacuation time. Similarly, the P-center and covering models were also used widely to solve shelter location-allocation problems (Berman and Krass 2002; Dalal et al. 2007; Pan 2010; Kılcı et al. 2015; Gama et al. 2016 ). Hierarchical models (Chang et al. 2007; Liu et al. 2009; Widener 2009; Ng et al. 2010; Widener and Horner 2011; Li et al. 2012; Xu et al. 2018 ) and multiobjective models (Huang et al. 2006; Alçada-Almeida et al. 2009; Saadatseresht et al. 2009; Barzinpour and Esmaeili 2014; Rodríguez-Espíndola and Gaytán 2015) have been developed as well. In earthquake emergency shelter location-allocation decision making, it is important not only to consider model objectives, but also other conditions such as population change and community location change.
Most earthquake evacuation studies have focused on factors that affect casualties (Dombroski et al. 2006; Jonkman et al. 2009; Zahran et al. 2013; Yu and Wen 2016) , or on the relationship between congestion and evacuation time inside buildings (Zhang et al. 2013) . Some literature has examined the relationship of evacuation population and evacuation time in the face of disasters. For instance, Sherali et al. (1991) showed that a cumulative population fraction dissipated over time following a threesegment piece-wise linear relationship. Wood and Schmidtlein (2013) and Fraser et al. (2014) both used least-cost distance analyses to study the different evacuation times needed by the evacuees following a tsunami disaster. Kılcı et al. (2015) proposed a model similar to the P-center model, which maximizes the minimum weight of shelters, provides an objective result at different threshold combination values and evacuation population, as well as describes the effects of other factors, such threshold value for minimum utilization of open shelter areas and maximum pairwise utilization difference of candidate shelter areas. Kongsomsaksakul et al. (2005) proposed a bi-level model based on Stackelberg game theory to solve problems of shelter location and evacuation following flood disasters, presenting relationships between shelter capacity and the number of selected shelters. Bayram et al. (2015) considered traffic flow in a P-median model to minimize evacuation time, describing how evacuation time increased in concert with traffic flow, and discussed the effects of shelter number and tolerance levels on total evacuation time. Most recently, Xu et al. (2018) provided a hybrid bilevel model for earthquake emergency shelter location and allocation by considering the dynamic number of evacuees and its implementation, and the model results were also compared with the ones from multiple objective models. Optimization heuristics algorithms have been introduced to solve these models due to the complexity of the location problem (Li et al. 2009; Hu et al. 2012 Hu et al. , 2014 Zhao et al. 2015) that cannot be solved by traditional mathematical methods.
Although numerous studies have proposed models and presented relationships between different factors, few analyses have comprehensively examined the feasibility of results, the relationships amongst all factors, and their effects on the results. Particularly, there has been a very limited number of studies that dealt with the relationships between the number of evacuees, evacuation time, and total shelter area at the community or intermediate spatial scales. All of these factors are important for earthquake emergency shelter location-allocation decision making.
The aim of this study is to analyze the sensitivity of an earthquake emergency shelter location-allocation model and explore the relationships between evacuation population, evacuation time, and total shelter area using the town of Jinzhan in Chaoyang District, Beijing, China, as a case study. First, a multiple objective earthquake emergency shelter location-allocation model is developed. This model minimizes total weighted evacuation time (TWET) and total shelter area (TSA) and considers a number of scenarios. Second, the model is solved using a modified particle swarm optimum (PSO) method (Zhao et al. 2015) , and the relationships between various factors are analyzed and suggestions about how to use the results are given.
Data and Methods
Sources of data for the case study area and data processing, earthquake emergency shelter location-allocation model, and scenarios for modeling are presented in this section.
Study Area and Data
The town of Jinzhan in Chaoyang District, Beijing is taken as a case study area. The town is located in the northeastern suburb of Beijing, has a total area of 50 km 2 , and contains a population of 58,000. It is primarily a residential area of 11 km 2 with 15 communities. There are 10 candidate sites for earthquake emergency shelters selected from current parks, gardens, and other unoccupied spaces in low earthquake risk areas that are at least 500 m away from known faults. Each site contains an area of more than 3000 m 2 that meets the regulatory minimum established by the Beijing Municipal Institute of City Planning and Design (2007) . The evacuation paths, location and area of candidate shelters, and community location data were extracted using ArcGIS software 10.0 (ESRI 2010) from the map of Beijing City published by China Cartographic Publishing House in 2011 (Fig. 1a) , and the population of communities was provided by the Beijing Bureau of Civil Affairs in 2010 (Fig. 1b) . Dijkstra's algorithm (Dijkstra 1959) was then used to obtain the length of the shortest evacuation route from a community to each candidate shelter. The width of each path also was obtained by using Google Earth.
The 10 candidate shelter sites are mainly in the northern part of the study area, and only shelters 1 and 9 are in the southern part of Jinzhan Town. The 15 communities are scattered across the area, with population sizes that range between 455 and 12,858 inhabitants. Similar to the distribution of candidate shelters, most communities are concentrated in the northern part of the town. Only four communities are in the southern part of the study area. There are 740 paths with 521 nodes in the evacuation route network. The shortest road from a community to all of the candidate shelter sites can be obtained from the paths and nodes by using Dijkstra's algorithm, which is expressed in the mathematical model in Sect. 2.2.
Disaster Shelter Location-Allocation Model
In this study, it is assumed that all residents in a community will be allocated to the same shelter using the shortest evacuation route from the community to the selected shelter. During this process, all the residents in a community evacuate at the same speed, which is determined by consideration of the proportion of children, adults, and elderly in each resident population. As most studies have found, time or duration is the most important factor for evacuation. The best solution is that all evacuees can be allocated to their nearest shelters. This solution is impossible because each shelter can hold only a limited, but variable, number of occupants. Thus, common objectives require minimizing total weighted evacuation time (TWET)-evacuation distance divided by evacuation speed, weighted by the evacuation population divided by the width of an evacuation route-and maximizing the number of people who evacuate to the shelters in a given time. The investment cost incurred to build the shelters is also a very important factor for shelter location and allocation. Shelter size and land value are two key issues that determine the investment cost. In our study, candidate shelter sites are all public lands that are assumed to have the same average land price. Thus shelter development investment is only related to the shelter area. As a result, the objectives selected in this study are to minimize the total shelter area (TSA) of all shelters while assigning each community to a shelter that minimizes TWET. As a rule, the capacity limit of each shelter should be observed and the maximum evacuation distance should not be exceeded. Thus, our objectives are:
These objectives are subject to:
The variables, sets, and parameters in the model are as follows: I is the set of candidate facilities, I = (1, 2, … i, … N), where N is equal to 10 in this study; J is the community set, J = (1,2, … j, … M), where M is equal to 15 in this study; S i is the area of the candidate shelter i; L is the smallest refuge area per capita (1 m 2 /person); d ji is the length of the shortest route between community j and the candidate shelter i; v j is the evacuation speed of the evacuation population group in the jth community; D j is the maximum evacuation distance for community j; W ji is the mean width of the route from community j to the candidate shelter i, which is the weighted sum of the width of all paths that form the route; and P j is the number of people who need to be evacuated in community j.
The two objectives formulated by Eqs. 1 and 2 minimize TSA and TWET. It should be noted that the unit of the TWET is weighted seconds, which also takes into account the width of the evacuation route and the evacuation population in addition to the travel length and speed. In this study, evacuation speed is set according to the work of Gates et al. (2006) . To make shelter allocation success more likely, shelter capacity or service area also needs to be taken into account to ensure that all residents can be housed. Therefore, the two key constraints are distance and capacity.
Equation 3 formulates the capacity constraint, which ensures that the capacity of a selected shelter can meet the demands of residents, while Eq. 4 expresses the distance constraint, affirming that the distance between communities to a selected shelter is less than the maximum evacuation distance. Equation 5 makes sure that all residents in a given community can be only allocated to the same shelter, and Eqs. 6 and 7 mean that the decision variables B ij and Y i have binary values, 0 or 1.
To solve the aforementioned model, optimization heuristics are applied as the model is complex. The particle swarm optimum (PSO) algorithm is one of the popular optimization heuristics for solving complex problems in many fields, such as in computer science (Yin et al. 2007 ) and the social sciences (Cai et al. 2014) , and it has been applied to solve the problems of facility selection (Ghaderi et al. 2012) , redundancy allocation (Yeh 2009) , and location routing (Marinakis and Marinaki 2008) . The algorithm has also been used to solve earthquake disaster shelter location and allocation problems by adding multiple objectives, strict constraints, and discrete feasible domains (Hu et al. 2012; Zhao et al. 2015) . Thus, in this study, the modified PSO algorithm proposed by Zhao et al. (2015) is used to solve the shelter location problem.
After solving the model with the PSO algorithm, a set of Pareto solutions are obtained. There are a set of solutions included in a Pareto set as proposed by Pareto, in which a selected solution is feasible and no other feasible solutions dominate it. For each solution in this research, the values of TWET and TSA are included. As well, the locations of shelter sites selected are given. Each result also has an allocation scheme that presents how a community is allocated to a shelter.
Change in Evacuation Population Size
The evacuation population, which is the total population of a community in our study, is an important characteristic that impacts decisions about shelter location and allocation. 
Most studies that consider the effect of population change on evacuation have dealt with evacuation behavior in buildings or at small scales (Johansson et al. 2008; Moussaïd et al. 2011; Kady 2012) . In some studies, only the current situation is considered when analyzing how many people can be evacuated within a certain time. In order to select suitable shelters to provide refuges for people in disasters, it is vital to take into consideration any changes in evacuation population size. Few studies have addressed this issue, and population studies at the microscale cannot be references because of the complexity and different objectives of the shelter location-allocation problem. Therefore in order to analyze how evacuation population size will affect shelter capacity planning and the evacuation time of residents, this study assumes population increase by a number of increments until the capacity of a given shelter is exceeded.
Change in Community Location
The location of communities can be changed as city planning is transformed, although this is likely to occur only in places away from mature urban centers. When communities' locations have changed, will the relationships between variables in our model-evacuation population, TWET, and TSA-persist? How will residents' shelter assignment in the planning scheme change? What adjustments should be made to satisfy the demand for earthquake emergency shelters? To obtain answers to these questions, in addition to the current community locations (Location 1, Fig. 2a ), two other community location scenarios were randomly generated for the study area using ArcGIS, keeping the shelter area unchanged (Fig. 2b, c) .
Scenarios of Objectives and Population Condition
To answer the question of how evacuation population size will affect shelter capacity planning and the evacuation time of residents, four groups of scenarios (10 in total) are analyzed in this study. Details of these scenarios are shown in Table 1 . As mentioned in Sect. 2.2, TWET and TSA is obtained with a set of Pareto solutions under the three Locations with different population sizes. The first Scenario Group (I) looks at the relationship between shelter capacity and evacuation time, and includes two scenarios, which encompass the relationship between TSA and TWET with the current and different hypothetical evacuation popula- Fig. 2 Community location scenarios. a Location 1, the current locations; b Location 2 and c Location 3, scenarios generated using ArcGIS Table 1 Objectives and population condition scenarios used in this study To examine how population size affects the minimum TWET among the Pareto solutions, the second scenario of Scenario Group (II) analyzes the relationship between evacuation population and minimum TWET. The third Scenario Group (III) considers the relationship between evacuation population and shelter area, and includes three scenarios that examine the relationships between evacuation population and minimum TSA, and evacuation population and minimum/maximum shelter area per capita. In the fourth Scenario Group (IV), relationships between the three factors are considered, including three scenarios that explore the relationships between evacuation population, minimum TWET, and maximum TSA; between evacuation population, maximum TWET, and minimum TSA; and between evacuation population, TWET, and TSA.
Results
In this section, the relationship between TWET and TSA, evacuation population size and TWET, and evacuation population and TSA are presented and analyzed.
Total Weighted Evacuation Time (TWET) and Total Shelter Area (TSA)
To explore the relationship between evacuation time and shelter area, different scenarios that consider current evacuation population and changes in evacuation population size were considered. The results are shown in Figs. 3 and 4 respectively. In both figures, (a) shows the result using the current community locations, and (b) and (c) show the results under community location scenarios illustrated in Fig. 2b , c. It is found that TWET and TSA are negatively correlated no matter how large the evacuation population is. TWET decreases as TSA increases for all community location scenarios with different evacuation population sizes, and the decrease slows down when TSA Fig. 3 Relationships between total weighted evacuation time (TWET) and total shelter area (TSA) with current evacuation population and different community locations. a Location 1, the current community locations; b Location 2 and c Location 3, community location scenarios generated using GIS Fig. 4 Relationships between total shelter area (TSA) and total weighted evacuation time (TWET) at various evacuation population levels with different community locations. a Location 1, the current community locations; b Location 2 and c Location 3, community location scenarios generated using GIS further increases. This means that although increasing shelter area is an effective way to shorten the evacuation time for people, its efficiency decreases as total shelter area increases. This indicates that when TSA is large enough, merely investing more to increase shelter area is not a useful way to shorten the evacuation time if other conditions remain unchanged. Other measures, such as changing shelter locations or building more shelters, might be more effective and should be prioritized when making shelter location and allocation plans. According to the trends shown in Figs. 3 and 4, the fit of a power function was used to quantitatively characterize the relationships between TWET and TSA:
where T is the value of TWET, S is the value of TSA, and a 0 and a 1 are parameters decided by evacuation population size and community location. The values of estimated parameters for the fitting lines in Fig. 4 for different community location and population scenarios are shown in Table 2 . High values of R 2 (measure of goodness-of-fit) indicate that the power function with the parameters presented in Table 2 can show the relationship between TSA and TWET well, and these two variables are highly correlated. The values of the parameter a 1 are less than zero for all scenarios, which indicates that TWET decreases as TSA increases. The values of R 2 are larger than 0.50 for most scenarios (more than 0.95 in some scenarios). That means the power function relationship is the best fit and robust for all scenarios.
Evacuation Population Size and Total Weighted
Evacuation Time (TWET) Figure 5 shows the relationships between TWET and evacuation population size with different TSA and Table 3 . Taking Fig. 5a as an example, there are five different values of TSA for Pareto solutions obtained, so there are five schemes for the current community locations. Figure 5 shows that evacuation population and TWET are highly correlated, and, for all scenarios with different TSAs, TWET increases as evacuation population increases. To explore quantitatively the relationships between evacuation population and TWET, the following linear-fitting method was applied:
where P is the size of evacuation population, and b 1 and b 2 are parameters for different scenarios whose values are shown in Table 3 . The R 2 values exceed 0.9 in all cases, which means that the equation used for estimations is reasonable.
For most scenarios, the values of b 1 are between 100 and 250, which means that TWET increases as evacuation population increases. The b 1 values generally show an increasing trend when TSA increases, which means that TWET increases more quickly corresponding to the increase of evacuation population with higher TSAs.
To further explore the relationship between evacuation population and evacuation time, the relationships between evacuation population and minimum total weighted evacuation time (MIT) was examined and the results are shown in Fig. 6 (See also Eq. 13). The R 2 values of fitting lines with 95% confidence intervals are all larger than 0.95, which indicates that MITs are highly correlated with the evacuation population and the fitting function shown in the figure is effectively fitted. The results show that if the allocation scheme is not changed, MIT will increase as the evacuation population increases. But if the allocation scheme changes, MIT will increase suddenly under the effects of both shelter assignment and population allocation scheme change and evacuation population increases such as the situation shown in the red box in Fig. 6a . To ensure the safety of evacuees, TWET should be as short as possible. According to the relationship shown in Fig. 6 , more improvement to the current shelter planning is needed with the increase of evacuation population size, especially when the MIT exceeds their tolerance.
Evacuation Population and Shelter Area
TSA is an important parameter that reflects the cost of building shelters. The changes of minimum TSA (MIA) for scenarios with different evacuation population sizes are shown in Fig. 7 . One clear feature of these results is that there is a linear positive relationship between minimum TSA and evacuation population. This indicates that the government needs to invest more to expand shelter capacities when the evacuation population increases, and the investment growth rate can be the same as the rate of evacuation population increase.
Besides the cost for building shelters, the comfort level of evacuees is another indicator to compare the different solutions. Large area shelters with adequate facilities, food, water, medical care, and private space are comfortable and favored by evacuees. Thus, to explore the change in comfort level for evacuees, minimum shelter area per capita (MIAA) and maximum shelter area per capita (MAAA) under different population scenarios were calculated according to Eqs. 10 and 11, respectively.
The relationships of evacuation population and MIAA, and evacuation population and MAAA are shown in Fig. 8a1-c1, a2-c2 , respectively. There are clear power function relationships between MIAA or MAAA and the evacuation population; as the evacuation population increases, both MIAA and MAAA decrease, and the rate of this decrease slows down until the shelter area per capita reaches nearly 0. At the beginning of an evacuation, values of MIAA are more than 8 for the three location scenarios, which indicates that there is enough space for potential evacuees, and their comfort level is high. As well, different location-allocation solutions can be selected as the available MAAA is much larger than MIAA. With an increase of evacuation population, both MIAA and MAAA decrease quickly to around 1. This shows that there is only basic space for evacuees to stay and their comfort level gets lower. Meanwhile, the selection of shelter locationallocation solutions is limited.
Joint Analyses of Evacuation Population, Total
Shelter Area (TSA), and Total Weighted Evacuation Time (TWET)
This section discusses the joint relationships between evacuation population, total shelter area (TSA), and total weighted evacuation time (TWET). The relationships of evacuation population, minimum TSA (MIA), and maximum TWET (MAT), as well as evacuation population, minimum TWET (MIT), and maximum TSA (MAA) are first presented. Then, the joint relationships between From the analysis presented above, it is clear that MIA is positively correlated with evacuation population. However, MIA always combines with maximum TWET. Thus, a linear-fitting method, as shown in Eq. 12, was used to analyze quantitatively the relationships between MIA, evacuation population, and MAT, and the scenario results describing the relationships between them are shown in Fig. 9 . The R 2 values for these three trend surfaces are 0.9889, 0.9652, and 0.9702, respectively, at 95% confidence levels-it means that these three models fit effectively.
where k 0 , k 1 , and k 2 are parameters for different scenarios whose values are shown in Fig. 9 . As key stakeholders, evacuees and the government both want lower TWET to ensure the safety of the evacuees. However, the evacuees only want to be evacuated and relieved of anxiety and stress as quickly as possible, while the government also wants to invest less in constructing shelters. Thus, within the tolerances of MAT for both the government and evacuees, the government can determine whether the solution with MIA is suitable within the population changes according to the relationships among the three factors in Fig. 9 . Fig. 8 Relationships between evacuation population and minimum shelter area per capita (MIAA) and evacuation population and maximum shelter area per capita (MAAA). a1-a2 Location 1, b1-b2 Location 2, and c1-c2 Location 3, respectively Results of the relationships between evacuation population, maximum TSA (MAA), and minimum TWET (MIT) for the three community location scenarios are shown in Fig. 10 . The fitted surfaces describing the relationships between these three factors were generated using Eq. 13:
where l 0 , l 1 , and l 2 are parameters for different scenarios, and their values are shown in Fig. 10 . The R 2 of these three trend surfaces are 0.9947, 0.9472, and 0.9814, respectively, at 95% confidence levels, which shows that the trend surfaces fit well. With this finding, the most suitable solution can be determined within the maximum investment that the government could provide.
Evacuation Population, Total Shelter Area (TSA), and Total Weighted Evacuation Time (TWET)
To explore the joint relationships between evacuation population, TSA, and TWET, all scenario results were plotted into a three-dimensional coordinate system. The simulation results distribution and interpolation of these plots for the three community location scenarios are shown in Fig. 11 . It can be seen that the simulation result distribution varies by stages with evacuation population changes. As well, the number of simulation results is less in the space with high values of all three axes. To further study the stage characteristics, the relationships are presented between TWET and evacuation population, and between TSA and evacuation population, respectively, in Figs. 12 and 13, respectively. Figure 12 shows that the TWET of all three community location scenarios has obvious boundaries, as simulation results are distributed between the trend lines of minimum and maximum TWET. In addition, these simulation results have obvious stage characteristics, as seen in the box in Fig. 12b , especially with regard to Location 2 and Location 3 scenarios, which depend on the changing character of minimum TWET. Usually, a sudden TWET increase happens when the evacuation population exceeds the capacity of shelters available under the current situation.
TSA for all three community location scenarios has clear lower boundaries, marked by the trend lines of minimum TSA as shown in Fig. 13 . These simulation results are distributed equally and are concentrated when TSA is small. They become more dispersed as TSA increases. It can also be seen that simulation results on some TSAs that exist under certain evacuation population scenarios are not present, such as the simulation results in the red box in Fig. 13a . For solutions with the same TSA, when the size of the evacuation population exceeds the capacity of the selected shelters, the TWET caused by the assignment of excess population to a large shelter area might be longer than the one with a small TSA. Thus, the solution is not a nondominated result. However, when the evacuation population continues to increase to another level, the TWET is less than the one with small TSA, thus, the result with that TSA that disappeared is a nondominated result again. Figure 14 shows the fitted surfaces of TWET against TSA and evacuation population as calculated using Eq. 14:
where q 0, q 1 , and q 2 are parameters for different scenarios and their values are shown in Fig. 14. In these fitted surfaces, the relationships between TWET, evacuation population, and TSA are clearly presented. It can be seen that TWET increases with population increase and TSA decrease, and, compared with TSA, population influences TWET more strongly. The number of solutions in each stage also becomes smaller as population increases. By considering the distance constraint, along with the tolerance of government for TSA, the best solution under different population sizes can be determined quickly according to this surface. Also the surface can help the government to check whether the existing shelter location and allocation plans are suitable. 
Conclusions
In this study, the relationships between evacuation population, evacuation time, and shelter area are examined by using scenario analysis and taking Jinzhan Town in Beijing as a case study. The results show that TWET has a power relationship with TSA. Under certain evacuation population scenarios, TWET will decrease as TSA increases; as the evacuation population increases, the relative effectiveness of TSA to influence TWET decreases. This indicates that with regard to candidate shelter solutions, increasing TSA has lower efficiency in meeting resident demands for earthquake emergency shelters with a larger population.
Minimum values of TWET and TSA both have a clear positive relationship with evacuation population. The joint relationships of minimum TWET (MIT), maximum TSA (MAA), and population; the joint relationships of minimum TSA (MIA), maximum TWET (MAT), and population; and the joint relationships of TSA, TWET, and population are analyzed respectively. Based on these relationships, the evacuation population estimation, and the location and probability of future earthquakes, improved earthquake shelter location-allocation schemes can be quickly determined to meet all requirements of the key stakeholderslocal residents and the government. By combining the estimation of population in the future and the planning of the study area, the government can obtain information about the shelter area corresponding with the total evacuation time, which can help to determine how and where to construct shelters.
There are several limitations to this study that can be considered in future work. First, more realistic scenarios of community location and shelter location can be considered as these will definitely affect model results. Sensitivity of the location-allocation model output to change in the objectives should also be examined. Population change in all communities can use more realistic estimations as well. The price of urban land can be considered in the model for a larger study area, since it is important for accurate estimates for the investment budget. The fitting surface also can be improved by using further refined scenarios.
